Abstract: With more than 80% of Brazilians living in cities, urbanization has had an important impact on climatic variations. São José dos Campos is located in a region experiencing rapid urbanization, which has produced a remarkable Urban Heat Island (UHI) effect. This effect influences the climate, environment and socio-economic development on a regional scale. In this study, the brightness temperatures and land cover types from Landsat TM images of São José dos Campos from 1986, 2001 and 2010 were analyzed for the spatial distribution of changes in temperature and land cover. A quantitative approach was used to explore the relationships among temperature, land cover areas and several indices, including the Normalized Difference Vegetation Index (NDVI), Normalized Difference Water Index (NDWI) and Normalized Difference Built-up Index (NDBI). The results showed that urban and bare areas correlated positively with high temperatures. Conversely, areas covered in vegetation and water correlated positively with low temperatures. The indices showed that correlations between the NDVI and NDWI and temperature were low (<0.5); however, a moderate correlation was found between the NDBI and temperature.
Introduction
The urban heat island (UHI) effect has been a concern for more than 30 years in Brazil. One of the earliest UHI studies in a Brazilian urban center was conducted in the early 1980's [1] in the São Paulo Metropolitan Region. The rapid urbanization of this region modified the energy and water balance processes that influence the dynamics of air movement [2] . Since then, UHI effects have been the focus of study of sciences related to geography, urban areas and human health. The UHI effect has been detected in the city center of Shanghai, China. Mortality rates related to heat waves have been higher in urban areas compared to suburban areas because the UHI effect enhances the intensity of heat waves, which exposes the local populations to extreme thermal conditions [3] .
The highest correlation between UHIs and air pollution in São Paulo Metropolitan Region occurs in the austral winter [1] . UHI's intensity was found to be inversely associated with the rural temperature. Tarifa [4] studied the urban area of São José dos Campos and observed differences in air temperature and humidity between rural and urban areas of 3.4 °C and 12%, respectively. According to Lombardo [1] , the spatial extent of UHIs was dependent on economic factors, with poor, industrial and densely populated areas of the São Paulo Metropolitan Region showing the most intense UHI effects. Lombardo also observed that during weekends, UHI effects decreased and the concentration of pollutants and the volume of precipitation changed. This effect was also observed by Ashworth [5] in Rochdale, USA.
As observed by Chandler [6] and Lombardo [1] , UHIs can be attributed to three factors: (1) the effects of energy transformation in cities; (2) the decrease of evapotranspiration; and (3) the production of anthropogenic energy. According to Voogt [7] , there are three types of UHIs: (1) Canopy Layer Heat Island (CLHI); (2) Boundary Layer Heat Island (BLHI); and (3) Surface Heat Island (SHI). Fabrizi et al. [8] described the difference between the types of UHI, characterizing the CLHI and BLHI as warming the urban atmosphere and the SHI as warming the urban surface. The main difference between the CLHI and SHI is the location where the temperature is detected. The CLHI is typically detected by ground stations using thermometers to measure air temperature in the canopy layer, while thermal remote sensors observe the spatial patterns of upwelling thermal radiance to estimate the land surface temperatures (LST) [9, 10] of the SHI.
The use of thermal remote sensing data was first demonstrated by Rao [11] . Rao identified urban areas by analyzing satellite thermal infrared data. Lombardo [1] proposed a computational model for studying satellite thermal images of the São Paulo Metropolitan Region's UHI using LST measurements. Lombardo's analysis [1] was conducted using NOAA-7 data for regional-scale urban temperatures. Recent studies have used the Landsat Thematic Mapper (TM) and Enhanced Thematic Mapper Plus (ETM+) thermal infrared (TIR) data with 120 m and 60 m spatial resolutions, respectively, for local-scale analysis of the UHI in Brazilian urban areas [12] .
Studies have shown a relationship between UHIs and patterns of land cover changes, with many indicating that the presence of vegetation and water lessened the intensity of UHIs while increased urbanization intensified the effect. However, these changes in the land cover patterns were analyzed qualitatively according to their relationship with the LST. To quantify these changes, normalized indices such as the Normalized Difference Vegetation Index (NDVI), Normalized Difference Water Index (NDWI) and Normalized Difference Built-up Index (NDBI) have been used to represent land cover changes [13, 14] . Thus, the relationship between different indices and temperature can be established in UHI studies.
The purpose of our study was to quantitatively examine changes in land cover patterns and to investigate and quantify the impact of such changes on the intensity and spatial patterns of SHIs. A hybrid-supervised classification was used to extract land cover information from remote sensing images of the urban areas of São José dos Campos for different time periods. In addition, LSTs retrieved from the thermal infrared band were analyzed and the NDVI, NDWI and NDBI indices were used to quantify the land cover changes for the analyzed period.
Data and Methods

Study Area and Data
São José dos Campos (SJC), which is located between 22°47′-23°40′W and 46°11′-45°16′S ( Figure 1 ) in eastern São Paulo State, Brazil, was selected as the study area because of its rapid urbanization over the past 30 years [15] and intense transformations over the last century. Industrial growth and increases in technological production and specialized services have modified the environment and climate of SJC, which is now a major industrial center in São Paulo State. To quantitatively measure the SHI effect and classify the land cover patterns in the study area, only cloudless Landsat 5 TM images were used from 6 August 1986, 15 August 2001, and 24 August 2010. All bands from the images were applied in our analysis. The bands 1-5 and 7 have a spatial resolution of 30 m, and the thermal infrared band (band 6) has a spatial resolution of 120 m.
Image Processing
The images used were georeferenced and acquired from the United States Geological Survey (USGS) database. They were processed using the following software: Environment for Visualizing Images (ENVI) 4.8 (ITT Visual Solutions, Boulder, CO, USA), Georeferenced Information Processing System (SPRING) 5.2 [16] and ArcGIS Desktop 10 (ESRI, Redlands, CA, USA).
Derivation of Brightness Temperature
The sensor TM band 6 on Landsat 5 measures the radiances at the top of the atmosphere, and its brightness temperatures can be derived using Plank's law [17] . Because the wavelengths of thermal infrared (TIR) are usually long (>10 μm), scattering and absorption are low. However, Landsat TM 5 showed only one band in the TIR spectral region. Cristóbal et al. [18] discussed using atmospheric correction of Landsat TM TIR bands by comparing them with other sensors which have two or more TIR bands and indicated the need for correction by atmospheric radiosoundings. However, as discussed in their paper, a single atmospheric radiosounding did not provide a representative value for the atmospheric conditions of the entire area covered by a Landsat image (approximately 180 × 185 km 2 ). Jiménez-Muñoz and Sobrino [19] created a water vapor dependent model, but the authors [18] assumed that for water vapor contents higher than 3 g·cm −2 , the single-channel algorithm was not accurate and should not be applied. Because of these uncertainties, we did not consider the influence of atmosphere on radiance temperature. The at-satellite brightness temperature was used to infer the distribution of LSTs. Images from August (winter period) were used for each analyzed year, which allowed for comparison of temperature between the images. Water vapor content is also relatively low during the winter period. Thus, the UHI effect can be measured for the individual thermal images and across different time periods.
The retrieval method of brightness temperature from band 6 of the TM5 images was chosen after an analysis between two methods proposed by Chen et al. [20] and Sobrino et al. [21] . The results of each method were compared to in situ data from three meteorological stations of the Brazilian National Institute of Meteorology (INMET). The most positively correlated temperature was obtained using the method proposed by Chen et al. [20] , which infers the radiance from the raw satellite image and converts the spectral radiance to temperature.
Following the method of Chen et al. [20] , conversion of the digital numbers (DNs) from band 6 to spectral luminance (mW·cm −2 ·sr −1 ) was estimated by the following equation:
where DN represents the digital number of band 6; R MAX = 1.896 (mW·cm −2 ·sr −1 ); and
The conversion from spectral radiance to temperature in °C was realized using Equation (2) ·µm) are constants from a pre-launch calibration and b = 1.239 (μm) is the effective spectral range when the sensor's response is higher than 50%.
Derivation of Normalized Indices
The normalized indices NDVI [22] , NDWI [23] and NDBI [24] were used to characterize the land cover types and quantify the relationships between land cover type and UHI effect. To estimate NDVI and NDWI, we used the surface reflectances of the required bands used for their equation. The radiometric calibration was achieved by the equations and rescaling factors proposed by Chander et al. [25] . An atmospheric correction was performed using MODTRAN4 implemented in ENVI FLAASH [26] to retrieve surface reflectances.
NDVI (Equation (3)) is widely used because of its advantages, such as lower influence of atmospheric variations, greater sensitivity to chlorophyll, the reduction of noise by normalization between −1 and +1 and the possibility to monitor seasonal changes. However, this index also shows deficiencies, such as sensitivity to noisy additive effects, high sensitivity to variations of the canopy and substrate saturation when the leaf area index is very high, which makes it insensitive to variations in biomass [27] .
(3)
To derive the NDVI from TM/Landsat 5 images, we used the following equation: (4) NDWI (Equation (5)) is the Normalized Difference Water Index, which is also called the leaf area water-absent index. This index estimates the water content within vegetation [23] . According to Gao [23] , this index is a measure of the liquid water molecules in vegetation that interact with solar radiation. The NDWI has been widely used because it is less sensitive to atmospheric scattering effects compared with the NDVI. However, similar to the NDVI, the NDWI did not completely remove the soil background reflectance effects. 
Using TM/Landsat 5 bands, equation 6 estimated the NDWI. We used band 5 (1.65 μm) as an approximation of 1.24 μm [23] . This procedure was previously described [28] [29] [30] . (6) According to DeAlwis et al. [31] , the TM 5 band 4 was used in the NDWI estimation of biomass. However, TM 5 band 4 can also discriminate water bodies and soil moisture from vegetation. Thus, band 5 was used to characterize the variations in biomass and moisture.
The NDBI index was developed by Zha et al. [24] to analyze increments of reflectance on TM 5 bands 4 and 5 for images of urbanized and barren land areas. The researchers also observed that vegetation had a slightly higher or lower DN value on the same bands and that the minimum and maximum DNs in band 4 are much lower than those in band 5 for the same land cover. From this discovery, they developed an index to derive urbanized areas from TM/Landsat 5 images, as described in Equation (7): (7) In this index, the authors used DNs from TM 5 bands 4 and 5, and the same bands were used to develop the NDWI. Although they look similar, the main difference between the two indices is the patterns highlighted from each band subtraction. These two methods of constructing indices were also used by Xiong et al. [13] , Chen et al. [28] and Liu et al. [32] .
Hybrid-Supervised Classification
An initial supervised maximum likelihood classification that used training areas derived from the interpretation of Red-Green-Blue (RGB) images from TM/Landsat 5 revealed serious problems caused by spectral confusion, with bare areas erroneously classified as urban and vice versa. The problem was solved using a hybrid-supervised/unsupervised classification that was analyzed using Geographical Information System (GIS) algorithms that produced neighborhood and matricial representations [33] .
The matricial representation is produced by an algorithm implemented by the GIS software SPRING, which provides a high efficiency in the representation produced by the photo-interpreter. In this algorithm, the vector's data corresponding to the edited polygons are obtained by converting from raster to vector format. A great advantage of this procedure, in which lines were adjusted and the data were polygonalized, is that the representation is performed in the matrix and not in the vector's data [16] .
The hybrid-supervised classification approach involved two steps: (1) a supervised maximum likelihood classification for land cover and (2) the matricial representation of the erroneous areas classified in the first step.
First, our hybrid-supervised classification approach involved the application of a maximum likelihood classifier to identify the areas. The training areas for our land cover classification from August for the years 1986, 2001 and 2010 were derived from a RGB composition. We used the indices NDBI, NDVI and NDWI to compose the RGB images because the indices enhanced the remote-sensing reflectance for each element in the image. The results showed a low level of spectral confusion between bare and urbanized areas. A focal majority filter was also used to eliminate the small, isolated areas present in the classified image. Second, the supervised classified images were edited by the matricial algorithm based on the representation produced by the photo-interpreter.
Quantitative Analysis
Quantitative Analysis from Hybrid-Supervised Classification
To quantify the land cover change during the study period, we extracted the size (km 2 ) of the areas the classes of each hybrid-supervised classification. We also extracted the area sizes from the temperature slices of thermal images.
Pearson's correlation matrix was used to describe the correlations among M variables. These variables were inferred from the area size values extracted from the classified images. The correlation matrices were processed using the R software environment for statistical computing [34] . This was done in accordance to the method described by Pearson [35] . He described the correlation matrix as a square, symmetrical M × M matrix with the (ij)th element equal to the correlation coefficient r ij between the indexes i and j. The diagonal elements (correlations of variables with themselves) are always equal to unity. The correlation factors are between −1 and 1 (0: no correlation and ±1: high correlation). A positive or negative value indicates that the two correlated parameters increase (or decrease) simultaneously.
Quantitative Analysis from Normalized Indices
To quantify the index values and to analyze if it was caused by the land cover change, we performed our statistical sampling using the Monte Carlo Method (MCM). The MCM, also known as statistical simulation, is defined as any method that uses sequences of random numbers to perform a simulation. This process was based on the outcome of many simulations using random numbers to obtain a probable solution. This technique provides an approximate, quick answer and a high level of accuracy; however, it is possible that accuracy is increased with additional simulations [36] .
To achieve our goal, we extracted 40,102 values from the products of temperature, NDVI, NDBI and NDWI from each year of analysis. Furthermore, we estimated 10,000 times the mean value using 10,056 random values, which can be derived by Equation (8):
where, in the universe X with m points, we have the vector Y with n random points. Quantitative analyses of land cover change significance were obtained after a graphic analysis of the probability density function, which was calculated using the mean values from the MCM analysis for each year.
Quantitative analyses of significance were also obtained using the 10,000 mean values from each year and subtracting 1986's values from 2001's values. We also calculated the difference between 2001 to 2010 and 1986 to 2010. If the product of these operations resulted in a value below 0, then the information obtained by the normalized indices and temperature data indicated spectral confusion and the change could not be detected. If the value was above zero, the change could be detected.
Pearson's correlation matrix was also used to compute the correlation between the indices and temperature. We extracted from each land cover pattern (water, vegetation, bare and urban) the values of each index and LST estimation. The statistical analysis was processed using the R software environment for statistical computing [34] .
Results and Discussions
Quantitative Relationship between Urban Heat Islands and Land Cover Changes
The RGB composition created by the NDVI, NDWI and NDBI was useful for identifying land cover types and allowed us to easily select training areas for the supervised maximum likelihood classification. Each composed image was ordered into 4 area classes: water, vegetation, urban and bare. Using the matricial algorithm, we could edit the urban and bare areas of high spectral confusion according to the information obtained by the photo-interpreter. The results of the classifications of land cover are found in Figure 2 . The use of indices to generate the RGB composed image was useful for identifying land cover, and in particular, the difference between urban and bare areas. Compared to the typical RGB composition using the sensor bands of each channel, the indices-generated RGB composition could discern more classes of areas. The sensitivity of the indices-generated RGB composed images arises from the purpose of the indices, which was to enhance the response of a specific target to allow for more accurate land cover interpretation.
The indices-generated RGB composition could be useful for agriculture studies because it enhances the differences in vegetation because of the NDVI and NDWI indices. The NDWI index enhances the detection of water content within vegetation, which helps eliminate the spectral confusion between bare and urban areas. This result stems from the higher water content in bare areas compared with urbanized areas. Urban areas have reduced water content because of the increased amount of impervious surfaces over the soil. However, high NDWI values could indicate high levels of air humidity, which could saturate the composed image and spoil the classification.
The visual analyses of the classifications showed an expansion in 2001 and 2010 of urban areas, which is quite noticeable when compared to the urban areas in 1986. A decrease of vegetated areas was also found for the same time period. These two facts coincided with the growth of São José dos Campos' population. According to the Brazilian Population Census of 2010 [37] , the population was 287,513 in the early 1980s, but 30 years later, the population had risen to 627,544, with 615,175 people living in urban areas.
According to Silva [38] , during the period between 1980 and 2000, 421 industries were introduced to the city, which was mainly due to São José dos Campos' strategic geographic location at the center of a route of roads connecting the 3 main southeastern States of Brazil: São Paulo, Rio de Janeiro and Minas Gerais. Beyond its geographic characteristics, the city is also attractive to the scientific community because of its technological centers, institutes and universities. The city also provides a qualified labor force for industry. Figure 4 .
In Figure 4 , we adjusted the minimum air temperature and mean air humidity to the period from 1 January 2000, to 31 December 2010. To easily analyze the variations, we also adjusted the curve for each parameter using a decic polynomial. The polynomial curve fitting allowed us to observe a decrease in the minimum temperature and humidity from 2000 to 2001 and 2009 to 2010 resulting from a La Niña event. However, the decreasing amplitude of the curves indicated that the lowest temperatures in the winter during the analyzed periods had increased.
The general increase of the minimum temperature over the analyzed period was most likely due to land cover changes. The size of urban and bare areas had increased, while the size of vegetated and aquatic areas had decreased. Furthermore, according to Maia et al. [39] , the verticalization process within a city causes a decrease in wind speed, which promotes an increase in temperature. Thus, the urbanization process linked to the high emission of pollutants and the decrease of green areas over the last decade could be responsible for the abrupt increase in temperature.
To quantify the land cover changes and relate them to the LST changes, we quantified the classes from our hybrid classification according to temperature and land cover area (km 2 ). The results, shown in Figure 5 , were used to validate our interpretation of land cover and LST changes. To show a quantitative relationship between land cover and temperature change, we used the Pearson Correlation [35] to calculate the correlation matrix (Table 1) . We used the area size data extracted from the hybrid classification for each year using the R software environment for statistical computing [34] . The highest positive correlations were found in the following ranges of temperatures: 23-25 °C, 25-27 °C, 27-29 °C, 29-31 °C and 31-33 °C. We also found the same positive correlations for temperatures <17 °C and between 21 and 23 °C. The highest negative correlations were found between the temperature range of 19-21 °C and the higher temperature ranges (23-25 °C, 25-27 °C, 27-29 °C, 29-31 °C and 31-33 °C). A high negative correlation was also found between the 19-21 °C temperature range and the size of bare areas. The highest positive correlation between land covers was found between areas of vegetation and water. The highest negative correlation was found between urban and vegetated areas.
To relate the land cover patterns to LSTs, we analyzed the correlations between the classes of land cover and LST. The best highest positive correlation was found between bare areas and temperatures between 23 °C and 33 °C. Other positive correlations were found between urban areas and temperatures above 23 °C. However, these correlations were not as high compared to what was found in bare areas.
The highest positive correlations with low temperatures were found in the classes of vegetation and water. Conversely, urban and bare areas had a high negative correlation with high temperatures.
These results showed the relationship between the land cover patterns and LST. As shown in Figure 5 and Table 1 , changes in land cover patterns are highly correlated to changes in LSTs and the SHI effect.
We also found that urban and bare areas correlated positively with SHIs because the growth of urban and bare areas coincided with an increase in temperatures. Although these two land cover classes typically showed spectral confusion, the hybrid classification allowed their differentiation and showed that bare areas were most positively correlated with SHIs. Bare soil has a high reflectance intensity due to the presence of Fe 2 O 3 , sand and clay [40, 41] , which had a significant influence on the SHI. Figure 3 shows the LSTs in the study area for the analyzed years, and qualitative changes in the intensity and spatial distribution of LSTs were found. However, we performed a quantitative analysis to identify independent changes in the LSTs between each year to determine if the changes were significant. The same procedure was performed to identify the significance of each index.
Quantitative Relationship between Temperature and Index Values
To show if the changes were relevant, we used the Monte Carlo Method (MCM) to simulate numerous values of mean temperature or mean index. The results were plotted in a probability density function to identify the independence of the values from each year. If the results were independent, a change would be evident.
The NDVI ( Figure 6 ) was calculated according to Equation (4) for each image. Visual inspection ascertained the differences of each NDVI. The highest degree of difference was in 2001 (Figure 6) , with a majority of NDVI values appearing to be below 0. As previously explained, in the period from June 2001 to February 2002, Brazil had experienced an atypical climatic period caused by the La Niña effect that produced very dry spring/summer seasons. During this period, most of the Brazilian States rationed electrical power because of low levels of water in hydroelectric plant reservoirs. The decreased water and dry weather were essential to the low values of the NDVI in 2001 because the index decreases as foliage comes under water stress [42] . Comparing the NDVIs of 1986 and 2010, changes were identified. The 1986 NDVI was enhanced compared to 2010; however, there were few areas in which the 1986 NDVI showed a decrease compared to 2010. This result could be explained by the maintenance provided by environmental management programs started because of concern over global natural resources. To analyze the independence of each NDVI, a MCM was performed with the R software environment for statistical computing [34] . We calculated 10,000 times the mean value using 10,056 random points for each index. These values calculated the probability density function (PDF) (Figure 7) , which allowed us to analyze if changes occurred.
In the histogram shown in Figure 7 , 2001 is shown to be very atypical, with all mean values of the NDVI ranging between −0.14 and −0.12. In contrast, the majority of the NDVI mean values from 1986 and 2010 were between 0.32 and 0.34.
Although urban expansion is shown in Figure 6 , the quantitative results from Figure 7 show that the mean NDVI values for 2010 are higher than for 1986. Potential explanations for the unexpected increase in vegetation were detailed by Moura et al. [43] , who conducted a literature review and found that there was leaf flush at the top of the canopy, changes in leaf area index (LAI), modifications in canopy structure associated with tree mortality, diurnal variability in leaf water and clouds and aerosol effects.
The increasing concern for environmental preservation over the last decade has been influenced by environmental policy concerning global environmental changes. Thus, the size of urban green areas increased primarily because of the construction of urban parks, which have improved both environmental conservation efforts and the quality of human life. The PDF results (Figure 9 ) of NDWI values show low values for the 2001 NDWI, which was in the range of −0.22 to −0.20 and indicated very low air humidity and water cover and a high hydric stress for the analyzed area. When the NDWI values for 1986 and 2010 were visually overlaid, the result accounted for approximately 6% of the spectral confusion over the two year period. Out of 10,000 differences computed by the MCM, 598 were meaningless. Therefore, almost 94% of the simulated changes for the 24 years between 1986 and 2010 were significant. The NDBI (Figure 10 ) for the three analyzed images were not influenced by the La Niña event in 2001 because the bands used for analysis are located on the NIR region of the electromagnetic spectrum where water content has a low influence on the processes of atmospheric absorption and scattering. The results did not show any spectral confusion and the changes between years were clearly visible, demonstrating the independence and representativeness of the index. The main result of this analysis, however, was that the quantification of the NDBI could show a relationship between changes in area size and land cover class. Therefore, the NDBI was shown to be a good estimator of urban expansion for a specific region of interest, and this finding has created new avenues of future research into UHI effects [13, 28, 32] .
Currently, the NDBI has had difficulty differentiating between bare areas and built-up areas because of their similar reflectance in the TM/Landsat 5 bands, which is a problem that Chen et al. [28] tried to solve using the Normalized Difference Bareness Index (NDBaI). The results of the PDF (Figure 12 ) for the LSTs showed a similar behavior to that of the NDBI. The main similarity was in the distribution of the mean values of temperature, which followed the chronological order of the thermal images.
As shown in Figure 12 Finally, we compared the values from each land cover pattern with the mean yearly values for each index and LST using a correlation matrix (Tables 2-5 ). This procedure was performed to analyze the relationship between the indices and temperature for a specific land cover pattern. Table 2 shows that for a water cover pattern, the values of the NDVI had a high positive correlation (r = 0.96) with the values of LST, a moderately positive correlation with the values of the NDWI and a low negative correlation with the values of the NDBI. Table 3 shows that for a bare cover pattern, the values of the NDWI had a high positive correlation (r = 0.87) with the values of LST, a moderately positive correlation with the values of the NDVI and a low negative correlation with the values of the NDBI. Table 4 shows that for a vegetation cover pattern, the values of the NDWI and the NDVI had a high positive correlation (r = 0.86 and 0.80) with the values of LST and a moderately negative correlation with the values of the NDBI. Table 5 shows that for an urban land cover pattern, the values of the NDBI had a high positive correlation (r = 0.81) with the values of LST and the NDWI and the NDVI had moderately positive correlation (r = 0.46 and 0.52) with the values of LST. The highest positive correlation was found between the NDVI and NDWI, which had an "r" of 1.00 for the urban pattern. The two indices also show a high positive correlation for the vegetation pattern (r = 0.99); however, their correlation for the water pattern was moderate (r = 0.74). It was interesting to note that in the urban pattern, the correlation between the NDVI and NDBI had an "r" of 0.92, which could be explained by the positive environmental actions promoted in the urban areas. The highest negative correlation was between the NDWI and NDBI for the water pattern, which had an "r" of −0.95.
In summary, these correlations showed the relationship between SHIs and the NDBI, and their relationship in the urban pattern has been well documented in previous studies [1, 2, 4, 11] . However, the present study analyzed the use of indices as indicators of SHIs according to each land cover pattern. Although the correlation results between the indices and LSTs showed a moderate relationship, using indices as predictors could be an important tool for preliminary studies. New sensors from global observation programs can also improve the normalized indices within thin and specific spectral bands.
The results of the hybrid classification demonstrated that bare areas were the most positively correlated land cover pattern with SHIs. Bare areas have a high reflectance because of the soil components, as demonstrated by Price [44] . Price found that predominantly bare soil locations experienced a wider variation in LSTs. Conversely, analysis showed that the NDBI was the most positively correlated index with SHIs in an urban land cover pattern. However, it is important to note that the NDBI has a high spectral confusion rate between bare and urban areas, which could interfere with the urban pattern reflectance. The NDBI accuracy should be investigated in future studies.
The methods used in this paper resulted in an important range of quantitative tools that can be applied to studies of the SHI effect. Some of methods we developed were used by others authors to analyze the influence of land cover patterns upon LSTs. Chen et al. [28] used the indices and a classification based on IKONOS images to analyze the relationship by a regression equation. Xiong et al. [13] also used the statistical correlation to identify relationships between land cover and LSTs and used a SPOT image to classify the land cover patterns. In addition to these methods, we tested the use of a hybrid classification for the same Landsat TM 5 image. We used these methods to infer LSTs, applied the Pearson correlation to show relationships between land cover patterns, indices and LSTs and analyzed the independence of each parameter through a Monte Carlo simulation. These approaches allowed us to not only quantify the relationship of the land cover patterns but also to analyze the use of normalized indices to evaluate the relationship between land cover and LST.
By this unique method of hybrid classification implemented by SPRING, we improved the accuracy of our land cover pattern mapping. However, this method required detailed information of the area for the photo-interpreter. The use of a computational simulation was an important advance towards improving the reliability of the analysis of index change and added a new approach for validating UHI studies.
Conclusions
In this paper, qualitative and quantitative analyses were performed to study the relationship between land cover changes and SHIs. The local-scale analyses focused on the urban area of São José dos Campos, and several conclusions were made: (1) the distribution of SHIs in the urban area of São José dos Campos has changed from a mixed pattern to UHIs as the urbanized areas expanded rapidly in the city since almost 10% of the area of the city changed to high LST (>23 °C); (2) land cover patterns and changes contributed to the variations in the microclimate and affected the SHI intensity primarily through suburban sprawl, soil impaction and deforestation; (3) SHIs were proportionally related to bare areas (r = 1.0) and urban size (r = 0.76 − 0.81) which includes population density and frequent activities; (4) quantitative analysis among temperature, land cover patterns and indices showed that each pattern or index had a different relationship to temperature with different values for "r" for the same class of temperature (>33 °C ) like the value for urban area was 0.78, vegetation was −0.88, bare are was 1.0 and water was −0.99; (5) humidity was an important factor for the quantification of normalized indices and for the RGB image composition; (6) the use of indices to study the UHI effect was possible; however, additional studies are required to improve the correlations mainly in the urban areas (NDWI = 0.46; NDVI, 0.52 and NDBI = 0.81); and (7) the MCM was an important tool for detecting changes in the indices.
The temporal and spatial variations of SHIs shown by the analysis of multi-temporal remote sensing images demonstrated that the multi-temporal images were essential to the success of the approach. This fact enhances the importance of global observation programs using thermal infrared sensors such as the one implemented in the next Landsat satellite, which is referred to as LDCM or Landsat 8. This sensor will have a two band push-broom thermal infrared sensor designed to further the Landsat TM and ETM+ thermal imaging capabilities [45] .
The results also showed that although remote sensing images were ideal for analyzing SHIs, the main difficulty was in selecting images with similar conditions of cloud cover, humidity and geometric acquisition. This fact enhances the necessity of more studies to find corrections for these effects.
Future studies need to focus on adapting the temperature retrieval methods for the new Landsat 8 TIR sensor. This sensor will have a spatial fidelity of 100 m and is going to be resampled and registered to the Operational Land Imager (OLI), which is a push-broom multispectral sensor that produces 30 m pixels in the final products. The impact of the distribution of different land cover patterns in urban areas and their respective emissivity and the differences between inland and coastal climatic dynamics and how they are related to the intensity and spatialization of UHIs needs to be studied further as well. Finally, the improvement of normalized indices that estimate land cover patterns with low spectral confusion rates between different classes and are positively correlated with LSTs should be continued.
